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ABSTRACT
For a long time, the measurement of innovation has been at the forefront
of policymakers’ and researchers’ agenda worldwide. Therefore, there is
an ongoing debate about which indicators should be used to measure
innovation. Recent approaches have favoured the use of composite
innovation indicators. The European Innovation Scoreboard (EIS) is a
relevant tool for benchmarking innovation in Europe. Still, the EIS lacks
a proper scheme for weighting the included indicators according to
their relative importance. Moreover, despite there is a consensus on the
importance of interaction between different dimensions of innovation,
there is no composite indicator taking into account of this. We propose
an appraisal methodology permitting to take into consideration the
interaction of dimensions to be aggregated and robustness concerns
related to the elicitation of the weights assigned to the elementary
indicators structured in a hierarchical way. With this aim, we apply a
multiple-criteria decision-making approach being the conjunction of
three methodologies, namely, the multiple-criteria hierarchy process,
the Choquet integral and the stochastic multicriteria acceptability
analysis. It helps the users to rank and benchmark countries’ innovation
performance at partial and global level taking into account the
importance and interaction of dimensions as well as robustness concerns.
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1. Introduction

Innovation is considered among, if not the main driver(s) of sustainable economic growth. Since
1992, the Oslo Manual has been recognized as the international standard of reference for concep-
tualizing and measuring innovation. According to it ‘an innovation is a new or improved product or
process (or combination thereof) that differs significantly from the unit’s previous products or processes
and that has been made available to potential users (product) or brought into use by the unit (process)’
(OECD/Eurostat 2018). Following its guidelines, the European Union has induced a need for
developing a monitoring framework to assess the innovation performance across EU countries to
understand and benchmark the success of policy measures in facilitating innovation and further
economic growth.
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Since innovation activities are very complex, they are consequently challenging to measure
(Holgersson and Kekezi 2018). There is no consensus about which indicators should be used to
measure innovation. Initially, the use of individual indicators from national statistics such as the
number of patents (Schmookler 1950) or research and development (R&D) expenditures (Griliches
1984) was the most commonly applied measures. However, starting from the 1990s, after such pio-
neering works as Hollenstein (1996) who introduced the use of Composite Innovation Indicators
(CIIs), scholars have started to favour and develop aggregatemeasures for innovation at different geo-
graphical levels. The most comprehensive CII is the Global Innovation Index published jointly by
Cornell University, INSEAD, and the World Intellectual Property Organization (WIPO). It is constructed
in a multi-stage weighted average aggregation procedure from 80 single indicators (Dutta, Lanvin,
and Wunsch-Vincent 2019). In Europe, the European Commission has introduced the European Inno-
vation Scoreboard. It provides a composite indicator, the Summary Innovation Index (SII), in which the
innovation performance of EU countries is assessed from the unweighted average of the scores for 27
indicators covering 10 dimensions structured in 4 main blocks/pillars (Framework Conditions, Invest-
ments, Innovation Activities and Impacts) (Hollanders and Es-Sadki 2017). In a similar approach, but at
regional level, the Regional Innovation Scoreboard is computed as theunweighted average of the nor-
malized indicators for 238 EU regions (Hollanders and Es-Sadki 2019).

To construct CIIs, summarizing national innovation performance seems not to be an easy task and
three main problems are usually considered: (i) how to choose individual variables to be used as
innovation indicators, (ii) how the values are normalized and (iii) how to choose the weights to
be assigned, and the aggregation rules to be implemented (Cherchye et al. 2008). The application
of such CIIs for measuring (national) innovation performance and their utility in directing innovation
policy has also been questioned (Grupp and Mogee 2004; Schibany and Streicher 2008; Grupp and
Schubert 2010; Makkonen and van der Have 2013; Adam 2014; Edquist and Zabala 2015; Kozłowski
2015; Hauser et al. 2018) mainly due to the problems related to the varying statistical and mathemat-
ical methods utilised for determining weights when aggregating the indicators into a CII.

In this paper, we are employing a methodology presented in Angilella et al. (2016) and, then,
applied in Angilella et al. (2018) and Corrente, Greco, and Słowiński (2019), to construct a new CII
which is grounded on the basic idea expressed by the most advanced theories on the innovation
capacity of countries, such as the National Innovation System (Lundvall 2010), the Triple and
Quadruple Helix (Etzkowitz and Leydesdorff 2000) and the Innovation Ecosystems (Moore 1993)
that consider the innovation as the result of the cooperation of different actors (primarily: university,
industry and government). Indeed, we believe that a reliable CII should take into account the follow-
ing points that the considered methodology is able to consider:

. interaction between elementary indicators to represent synergy or redundancy between their
performances,

. hierarchical structure of indicators permitting to group homogeneous subsets of indicators in
order to handle their plurality and heterogeneity,

. robustness concerns related to the consideration of a probabilistic ranking representing
fluctuations of the scores assigned to countries in an interval of variation of the weights assigned
to considered indicators;

. definition of a score for each one of the main innovation system actors, that is, university, industry
and government taking into account their specific preference elicitation.

Let us discuss one by one the above four points. With respect to the interaction between different
indicators measuring innovation capacity, despite its widely acknowledged relevance, it has never
been considered before in the construction of any CII. In fact, as pointed out in one of the most rel-
evant empirical analysis on the domain (Furman, Porter, and Stern 2002), ‘the various elements of
national innovative capacity are complementary in the sense that the marginal boost to ideas pro-
duction from increasing one factor is increasing in the level of all of the other factors’. For example,

2 S. CORRENTE ET AL.



according to Porter and Stern (2001), ‘innovation intensity depends on an interaction between private
sector strategies and public sector policies and institutions’. Therefore, since there are synergies
between the different dimensions of innovation, a ‘surplus’ should be given to those countries
that present good values for both, the quality of private sector strategies and the quality of
public sector strategies, when measuring their innovative performance. Again Porter and Stern
(2001) points out that, ‘many policy discussions assume the existence of a sharp trade-off between
goals such as health, environment, safety, and short-term economic growth. However, a healthy rate
of innovation increases the likelihood that new technologies will emerge that substantially temper or
even eliminate such trade-offs’. Therefore, the performance of countries doing well in dimensions
measuring health, environment, safety and short-term economic growth may be over-evaluated:
these dimensions are highly correlated with each other and, therefore, there is a certain level of
redundancy in the information they supply.

With respect to the hierarchical structure of elementary indicators, the EIS methodological report
(Hollanders and Es-Sadki 2017) claims the need for a new methodology in constructing the EIS: ‘it
may be advisable for future refinements of the EIS to make use of a hierarchical structure in which indi-
cators are first aggregated in dimension composites and subsequently, into group or overall averages’.
Accordingly, hierarchy of considered indicators is an issue we want to take into account. While the
EIS does include ten innovation dimensions, to the best of our knowledge, the consideration of hier-
archical structure of indicators has not been properly taken into account in the literature on CIIs by
applying sophisticated aggregation methods. Indeed, the classical CIIs provide a whole ranking of
the countries at hand, aggregating their performances and, therefore, putting together all con-
sidered aspects. Regarding the EIS, countries are evaluated on indicators that can be grouped in
four different macro-indicators, that is: Framework Conditions, Investments, Innovation Activities
and Impacts. In this paper, we propose a methodology to obtain a CII that provides policy makers
with more detailed information by building a ranking for each node of the hierarchy according to
their interest. This has an added value for the policy maker since it helps them to discover the
strong and weak points of the innovation performance of a given country as shown by the
macro-indicators in which they display the highest or lowest rank positions.

With respect to the robustness concerns, we claim that the weights assigned to elementary indi-
cators cannot be fixed in a rigid and punctual form, but it is necessary to consider intervals of vari-
ation related to their relative indeterminacy (see e.g. Greco et al. 2018, 2019a). This indeterminacy is
specifically relevant in the evaluation of a complex phenomenon as the innovation process in which
the relevance of each indicator depends on many specific conditions that can change in space and
time according to the perception of the involved agents. It appears reasonable to consider a prob-
abilistic rather than a deterministic ranking, so that for each country, the methodology supplies a
more realistic probability distribution of its ranking position than a rather meaningless univocal
placement.

With respect to actors (university, industry and government), it is reasonable to assume that each
actor has specific aims and objectives that a single ‘objective’ ranking would not take adequately into
account. Consequently, the assessment of a single comprehensive ranking ‘valid for all the actors’
would be quite abstract, rather meaningless and, consequently, of little use. Instead, a ‘subjective’
ranking based on the preference elicitation of the experts representing each actor is much more rea-
listic, meaningful and useful to understand the phenomenon.

From the methodological point of view, the CII we are proposing is based on the MCHP-Ch-SMAA
methodology (Angilella et al. 2016), being a multiple-criteria decision-making (MCDM) approach
putting together three different MCDM methodologies, namely, the multiple-criteria hierarchy
process (MCHP), the Choquet integral (Ch) and the stochastic multicriteria acceptability analysis
(SMAA). The methodology has already been applied in other domains (Angilella et al. 2018; Corrente,
Greco, and Słowiński 2019).

The remainder of the paper is organized as follows. In Section 2, we briefly introduce the MCDM
and the main characteristics of the proposed new composite index. Section 3 describes the
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composite index combining MCHP, Choquet integral and SMAA. In Section 4, a case study related to
the ranking of EU countries according to their innovation performance based on EIS criteria and
incorporating Triple Helix agents point of view is presented. Conclusions and future lines of research
are provided in Section 5.

2. Multiple-criteria decision-making and the characteristics of the new composite
index

In MCDM, a set of alternatives are evaluated on several criteria to deal with a ranking, choice or
sorting problem (Greco, Ehrgott, and Figueira 2016). Let us underline that, in our context, the alterna-
tives will be the countries which innovation performances should be measured, while the criteria are
the different indicators (such as human resources, finance and support, sales impacts, etc.) in which
the countries are evaluated. The only objective information stemming from the evaluations of the
alternatives is the dominance relation for which alternative a dominates alternative b if a is at
least as good as b for all criteria and better for at least one of them. However, the objectivity of
this relation is compensated by its poverty since, in comparing two alternatives, in general, none
of them dominates the other.

To deal with any decision-making problem, therefore, the evaluations of the alternatives have to
be aggregated. Most used MCDM aggregation methods are provided by the Multiple Attribute Value
Theory (MAVT) (Keeney and Raiffa 1976). In MAVT, a utility/value function U : A � R assigns a value
U(a) to each alternative a [ A being representative of its goodness w.r.t. the problem at hand. In its
simplest form, a utility function can be expressed as a weighted sum

∑n
j=1 wj · gj(a), where n is the

number of criteria, wj is the weight of criterion gj and gj(a) is the performance of a on gj. In particular,
it is assumed that wj . 0 for all gj and

∑n
j=1 wj = 1.

From an MCDM perspective, a composite indicator can be considered as a value function assign-
ing to each alternative (country) a single value and permitting, therefore, to rank order all the alterna-
tives from the best to the worst. MCDM methodologies have been claimed as highly suitable
alternatives for constructing composite indicators (Cherchye et al. 2008; Carayannis, Goletsis, and
Grigoroudis 2018; El Gibari, Gómez, and Ruiz 2019; Garcia-Bernabeu, Cabello, and Ruiz 2020).
Despite the use of MCDM to build composite indices, there still is no clear consensus on the best
system as each method has its own strengths and limitations (Greco et al. 2019a). In particular,
the main issues are related to the aggregation of indicators, indicators’ weighting, robustness con-
cerns and hierarchy of criteria.

With respect to the aggregation issue, while linear or additive aggregation prevails and it is the
most widely used method, sometimes geometric aggregation is better suited for the purpose of con-
structing composite indicators. However, in all these cases, it is assumed that the set of indicators is
mutually preferentially independent (Keeney and Raiffa 1976), while this is a strong assumption in
defining composite indicators, since, as observed in the previous section, some of them present a
positive interaction (synergy) or a negative interaction (redundancy). Considering the case study
we will present in Section 4, for example, Intellectual Assets (IAS) and Linkages (LIN) are positively
interacting, while IAS and Innovation (IT) are negatively interacting. Indeed, on one hand, a
country presenting good performances on IAS does not present the same good performances on
LIN. Therefore, a bonus should be given to countries presenting simultaneously good performances
on IAS and IT. On the other hand, countries presenting good performances on IAS have good per-
formances on IT as well. Therefore, when adding up the importance of these two indicators, there is
the risk of over-evaluating the considered country. As a consequence, a malus should be added to
those countries presenting good performances on these two indicators. For this reason, in this paper,
we propose the application of the Choquet integral (Choquet 1953; Grabisch 1996) to take into
account the possible positive and negative interactions that could be observed among the indi-
cators. The Choquet integral is a multiple-criteria decision analysis method that permits, first, to
give a ‘bonus’ to countries that are performing well on dimensions where there are synergies
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and, second, to avoid the problems of over-evaluation in case of countries that are performing well in
dimensions where there are redundancies. In fact, the Choquet integral generalizes the usual
weighted arithmetic mean permitting to take into account weights of the considered dimensions
that are not additive.

With respect to the indicators’ weighting and the robustness concerns, the proposed composite
index is based on the judgements (or preferences) of experts representing the three helices of the
Triple Helix model, that are, university, government and industry (Leydesdorff and Etzkowitz 1998;
Etzkowitz and Leydesdorff 2000). In particular, the information provided by these experts will be
used in an indirect procedure to infer the weights of the indicators. However, differently from the
known composite indices using a single weight vector, our procedure will take into account a plur-
ality of weight vectors by applying the SMAA. This approach will produce robust information on the
ranking of each country in probabilistic terms.

Finally, in addition to a comprehensive ranking aggregating simultaneously all the indicators, the
MCHP-Ch-SMAA methodology will produce robust information taking into account single aspects of
the problem at hand by the application of the MCHP. In this way, the policy makers will get more
precise indications on the strong and weak points of each country depending on the rank position
of each of them on the partial rankings therefore obtained.

3. Multiple-criteria hierarchy process, Choquet integral preference model and
stochastic multicriteria acceptability analysis

The MCHP (Corrente, Greco, and Słowiński 2012) is a methodology recently introduced in MCDM to
deal with decision-making problems in which criteria are not at the same level but they are struc-
tured in a hierarchical way. This means that it is possible to define a root node g0, being the objective
of the problem, macro-criteria g1, . . . , gn descending from it, and so on, until the elementary criteria
gt1 , . . . , gtn being the criteria placed at the bottom of the hierarchy and on which the alternatives at
hand are evaluated (see Figure 1 for an example of an hierarchy of criteria).

The advantage of taking into account the MCHP is two-fold: (i) it permits the Decision Maker
(DM) to provide information on the alternatives not only at the comprehensive level (that is at
the g0 level) but also considering a particular criterion gr in the hierarchy; (ii) it gives deeper infor-
mation to the DM by defining a preference relation at each node of the hierarchy as well as at
the comprehensive level. In this way, the DM can compare the alternatives not only globally,
taking therefore into account all aspects simultaneously, but also focusing on the aspects
which are relevant for her/him.

In the following, we shall briefly recall the terminology that will be useful for the description of the
methodology as well as for the discussion on the results of the considered application:

. A = {a, b, . . . } denotes the set of alternatives at hand,

. g0 is the root criterion; it represents the main objective of the considered problem,

Figure 1. Example on an hierarchy of criteria with 10 elementary criteria taken from Angilella et al. (2018).
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. gr is a generic criterion in the hierarchy,

. Gl
r is the set of subcriteria of gr at the level l,

. GEL = {gt1 , . . . , gtn } is the set of elementary criteria, that is, the criteria at the lowest level of the
hierarchy. EL is the set of their indices,

. E(gr) is the set of the indices of the elementary criteria descending from gr.

The Choquet integral preference model can be included under the MAVT and it can be considered
as a generalization of the weighted sum.

Differently from the weighted sum, the use of the Choquet integral is based on a capacity
m: 2GEL � [0, 1], being a set function that assigns a weight not only to each criterion, but to all
subsets of criteria B # GEL such that the monotonicity constraints (m(B) ≤ m(C) for all B # C # GEL)
and the normalization constraints (m(∅) = 0 and m(GEL) = 1) are satisfied.

The main point of the Choquet integral preference model is that it is able to take into account the
possible positive or negative interaction existing between criteria. Given gt, gt1 [ GEL, we say that gt
and gt1 are positively interacting if the importance assigned to them together (m({gt, gt1 })) is greater
than the sum of their importance when considered separately (m({gt})+ m({gt1 })), while we say that gt
and gt1 are negatively interacting if the importance assigned to them together is lower than the sum
of their importance when considered separately. Of course, the same type of interactions can be
defined for non-elementary criteria placed at the same level of the hierarchy of criteria.

To make things easier, a Möbius transform of μ (Rota 1964) and k-additive capacities (Grabisch
1997) are used in practical applications:

. a Möbius transform of the capacity μ is a set functionm: 2GEL � R such that m(B) = ∑
C#B m(C) for

all B # GEL,
. μ is called k-additive iff its Möbius transform is such that m(B) = 0 for all B # GEL : |B| . k. In

general, 2-additive capacities are able to perfectly represent the preferences provided by the
DM (Mayag, Grabisch, and Labreuche 2011). For this reason, in the following, we shall consider
2-additive capacities and we shall briefly describe the 2-additive Choquet integral preference
model.

Considering 2-additive capacities, the monotonicity and normalization constraints above can be
rewritten in the following way:

EBase
m({gt}) ≥ 0

m({gt})+
∑

gt1[T m({gt, gt1 }) ≥ 0

}
for all gt [ GEL

and for all T # GEL \ {gt}∑
gt[GEL

m({gt})+
∑

{gt ,gt1 }#GEL
m({gt, gt1 }) = 1.

⎧⎪⎨
⎪⎩ (1)

Therefore, for each a [ A and for each criterion gr in the hierarchy, the Choquet integral of a on gr is
computed as

Chr(a) =
∑

t[E(gr)

m({gt}) · gt(a)+
∑

{gt ,gt1 }#E(gr)

m({gt, gt1 }) ·min {gt(a), gt1 (a)}. (2)

As already mentioned above, in applying the Choquet integral, a single value is assigned to each
criterion and to each subset of criteria. Therefore, the importance of a criterion is not dependent
on itself only but also on its contribution to all coalitions of criteria. To take into account this
aspect, the Shapley index (Shapley 1953) and the Murofushi index (Murofushi and Soneda 1993)
are defined:

. the Shapley index wl
r({g(r,w)}), measures the importance of criterion g(r,w) [ Gl

r, that is considered as
a subcriterion of gr at the level l;
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. the Murofushi index wl
r({g(r,w1), g(r,w2)}), measures the importance of the pair of criteria

{g(r,w1), g(r,w2)} # Gl
r when considered as subcriteria of gr at the level l.

As it is evident from above, the application of the 2-additive Choquet integral involves the knowl-
edge of several parameters: considering the Möbius decomposition m, one value for each elemen-
tary criterion and one for each pair of elementary criteria. Asking the DM to provide directly all these
parameters is meaningless both for their huge number as well as for the difficult interpretation of
their meaning. For this reason, to fix their values, an indirect elicitation procedure can be used.
The DM is asked to provide information in terms of comparison between alternatives (for
example, a is preferred to b), comparison between criteria (g(r,w1) is more important than g(r,w2),
with g(r,w1), g(r,w2) [ Gl

r) or in terms of interactions between criteria (g(r,w1) and g(r,w2) are positively
or negatively interacting). This preference information is therefore translated into inequality con-
straints (for example, the preference of a over b on gr is translated into the constraint
Chr(a) ≥ Chr(b)+ 1, while the positive interaction between g(r,w1) and g(r,w2) is translated into the con-
straint wl

r({g(r,w1), g(r,w2)}) ≥ 1; in both cases, ɛ is an auxiliary variable used to transform the strict
inequality constraints into weak inequality ones). Denoting by EDM the set of constraints translating
the preferences provided by the DM, to check if there exists at least one instance of the preference
model, that is one vector ([m({gt})]t[EL, [m({gt1 , gt2 })]t1,t2[EL) for which all the technical constraints
(EBase) as well as all constraints translating the preferences provided by the DM (EDM) are satisfied,
one has to solve the following LP problem:

1∗ = max 1, subject to
E = EBase < EDM.

(3)

If E is feasible and 1∗ . 0, then there exists at least one instance of the preference model compatible
with the preferences provided by the DM (briefly, a compatible model). In the opposite case, there is
no compatible model and the reason can be investigated by using one of the methods proposed in
Mousseau et al. (2003). In general, if there is at least one compatible model, there are many of them.
Even if all of them are compatible with the preferences provided by the DM, the application of the
considered preference model using different compatible models would provide different rec-
ommendations w.r.t. the problem at hand. For such a reason, the choice of only one compatible
model could be considered meaningless or arbitrary to some extent and, therefore, a composite
index taking into account all the models compatible with the preferences provided by the DM
would be preferable. Moreover, from the innovation perspective, the use of a single weight
vector (equal weights or any other weight vector) implies the consideration of the perspective of
a unique policy maker. However, in evaluating the innovative capabilities of a country, a policy
maker could give more importance to one indicator and less importance to others, while another
policy maker could be interested into giving more importance to other indicators. For such a
reason, a CII being able to take into account the perspectives of several policy makers, providing
therefore robust information on the rank position got by a country varying the importance of the
weights attached to the different indicators could be welcome. Consequently, in the following,
we shall describe the SMAA (Lahdelma, Hokkanen, and Salminen 1998), being the methodology
applied to the Choquet integral preference model that we have used in our application (for some
recent extensions and applications of the SMAA methodology, see Angilella et al. 2018; Corrente
et al. 2019; Greco et al. 2019b).

SMAA provides to the DM robust recommendations by considering not just one but the whole set
of models compatible with her/his preferences. Since the constraints in E define a set composed by
an infinite number of vectors, the application of SMAA begins with the sampling of several of them.
Following Tervonen and Lahdelma (2007), the number of sampled compatible models in SMAA
applications varies between 104 and 106 and it depends from the accuracy that one would like to
achieve. In our case study, we performed 10,000 sampling of vectors compatible with the prefer-
ences provided by the DM. We shall denote by M the set composed of all sampled vectors. To
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each of these compatible vectors Mj [ M corresponds an alternatives’ ranking, where the rank pos-
ition of the alternative a w.r.t. criterion gr obtained considering the vector of parameters Mj is com-
puted as

rankr(a, Mj) = 1+
∑
b=a

r(Chr(b, Mj) . Chr(a, Mj)) (4)

where r(false) = 0 and r(true) = 1. Pay attention to the fact that in the definition of the rank function
we used Chr(a, Mj) instead of Chr(a), just to underline that the computation of the Choquet integral
of a is made by considering the parameters in the vector Mj.

For each a [ A, for each criterion gr and for each rank position s = 1, . . . , |A|, it is therefore poss-
ible to consider the setMs

r(a) # M composed of the sampled compatible vectors giving to a the pos-
ition s w.r.t. gr:

Ms
r(a) = {Mj [ M : rankr(a, Mj) = s}. (5)

The recommendations of SMAA are then given in statistical terms by computing several indices.
However, in this paper, we shall use only the rank acceptability index bsr(a), being the frequency
with which a takes the s− th position on criterion gr and obtained as

bsr(a) =
|Ms

r(a)|
|M| . (6)

On the basis of the Rank Acceptability Indices, for each alternative a [ A and for each criterion gr, it is
possible to compute the best and the worst positions got by a on gr as well as the most frequent
ones.

To conclude this section, we shall briefly summarize by means of the flow chart in Figure 2, the
main steps of the methodology that has been described and that will be applied to the Triple Helix
innovation performance indicator:

Step 0: The criteria at hand are structured in a hierarchical way starting from the root until the
elementary criteria;
Step 1: The DM is asked to provide her/his preference information that can be expressed in terms of
comparison between alternatives, preferences between criteria, interaction between criteria, or
intensity of interaction between criteria;

Figure 2. Flow chart of the applied methodology.
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Step 2: Check if there exists at least one model compatible with the preferences provided by the DM
by solving the LP (3). If this is not the case, check for the cause of the inconsistency and remove con-
straints causing the feasibility (Step 2.1). If there is at least one compatible model, pass to step 3;
Step 3: Sample several models compatible with the preferences provided by the DM in Step 1;
Step 4: For each compatible model sampled in Step 3 and for each non-elementary criterion
compute the Choquet integral of each alternative and, therefore, the consequent alternatives’
rankings;
Step 5: Apply the SMAA methodology computing for each alternative and for each position in the
ranking, the rank acceptability index. On the basis of the obtained rank acceptability indices,
compute, for each alternative:

(1) Best and worst reachable positions,
(2) The ranking positions presenting the highest rank acceptability indices that are, consequently,

the most frequent positions for that alternative,
(3) The expected ranking obtained by aggregating the different rank acceptability indices as shown

in the next section.

Let us conclude this section by underlying pros and cons of the applied methodology.

. As to the pros, the CII based on the MCHP-Ch-SMAAmethodology is reflecting, without doubt, the
preferences provided by the DM since the sampled models in which the SMAA recommendations
are provided are built on the preferences given by her/him. For such reason, we think that it could
be considered better than an abstract CII based on a fixed weight vector that not necessarily rep-
resent the preferences of the DM on the indicators used to study the innovation performance of
each country.

. As to the cons of the MCHP-Ch-SMAA, the involvement of the DM from the beginning, implies a
great cognitive effort from her/his part who has to provide several information regarding com-
parison between indicators in terms of their importance or regarding positive or negative inter-
actions between the same indicators. Of course, the application of a simple-weighted sum with
equal weights or whichever other weight vector does not imply the same cognitive effort from
the part of the DM.

4. Application and results

In this section, we develop a real-world application in order to evaluate the innovation performance
of 28 countries of the EU with respect to the SII criteria structured in a hierarchical way as shown in
Figure 3. The description of each elementary criterion is given in Table 1.

Figure 3. Hierarchical structure framework for the EIS.
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This research focuses on the perception of Triple Helix agents (University, Industry and Gov-
ernment) about the significance of criteria involved in the SII. These agents have different
profiles to determine the degree of relative importance of criteria in order to obtain a CII. To
show the potential of the applied methodology, we have simulated the decision-making
process in order to obtain the information about preferences from a sample of Triple Helix
agents. Through a consensus-driven decision-making process, three DMs per each group
agreed the preference information in the form of pairwise comparisons related to the impor-
tance and interaction of the four macro-criteria as well as for the elementary criteria. A pool
of experts from different European countries with solid background in knowledge and pro-
fessional experience concerning innovation has been consulted aiming at reflecting different
views of the relative importance of criteria:

. University Experts: academics expert in the field of innovation from the United Kingdom, technical
staff of a University Technology Transfer Office from Spain, and academic expert in the field of EU
innovation policies from Spain.

. Industry Experts: business manager in the field of international business from Belgium, chief inno-
vation officer from Spain, and project manager from Italy.

. Government Experts : R&D program manager from Germany, the director of a Technological Insti-
tute from Spain, and deputy director of a patent and trademark office from Poland.

The university experts specified the following preference information on the considered macro-
criteria:

Table 1. EIS description for the elementary criteria.

Description of the elementary criteria descending from the macrocriteria HR, ARS, IFE, etc…

FC (g1) HR (g(1,1)) New doctorate graduates per 1000 population aged 25–34 (g(1,1,1))
Percentage population aged 25–34 having completed tertiary education (g(1,1,2))
Percentage population aged 25–64 participating in lifelong learning (g(1,1,3))

ARS (g(1,2)) International scientific co-publications per million population (g(1,2,1))
Scientific publications among the top-10% most cited publications worldwide as percentage
of total scientific publications of the country (g(1,2,2))
Foreign doctorate students as a percentage of all doctorate students (g(1,2,3))

IFE (g(1,3)) Broadband penetration: Percentage of enterprises with a maximum contracted download
speed of the fastest fixed internet connection of at least 100 Mb/s (g(1,3,1))
Opportunity-driven entrepreneurship: ratio between the share of persons
involved in improvement-driven entrepreneurship and the share of
persons involved in necessity-driven entrepreneurship (g(1,3,2))

IN (g2) FS (g(2,1)) R&D expenditure in the public sector (percentage of GDP) (g(2,1,1))
Venture capital investments (percentage of GDP) (g(2,1,2))

FI (g(2,2)) R&D expenditure in the business sector (percentage of GDP) (g(2,2,1))
Non-R&D innovation expenditure (percentage of turnover) (g(2,2,2))
Enterprises providing training to develop or upgrade ICT skills of their personnel (g(2,2,3))

IA (g3) IT (g(3,1)) SMEs with product or process innovations (g(3,1,1))
SMEs with marketing or organizational innovations (g(3,1,2))
SMEs innovating in-house (g(3,1,3))

LIN (g(3,2)) Innovative SMEs collaborating with others (g(3,2,1))
Public-private co-publications (g(3,2,2))
Private co-funding of public R&D expenditures (g(3,2,3))

IAS (g(3,3)) PCT patent applications (g(3,3,1))
Trademark applications (g(3,3,2))
Design applications (g(3,3,3))

IMP (g4) EI (g(4,1)) Employment in knowledge-intensive activities (g(4,1,1))
Employment fast-growing firms innovative sectors (g(4,1,2))
Medium and high-tech product exports (g(4,2,1))

SE (g(4,2)) Knowledge-intensive services exports (g(4,2,2))
Sales of new-to-market and new-to-firm innovations (g(4,2,3))

Source: Hollanders, Es-Sadki, and Kanerva (2016).
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. FC and IN are more important than IA and IMP; in turn FC is equally important than IN, and IA is
more important than IMP.

. With respect to FC, HR and ARS are more important than IFE.

. With respect to IN, FS is more important than FI.

. With respect to IA, LIN is more important than IT and IAS.

. With respect to IMP, EI is more important than SE.

. FC and IN are positively interacting.

. IN and IA are positively interacting.

. IA and IMP are positively interacting.

. The interaction between IN and IA is greater than the interaction between FC and IN, and between
IA and IMP.

. The interaction between IA and IMP is greater than the interaction between FC and IN.

. With respect to FC, HR and ARS are positively interacting.

. With respect to IA, IAS and LIN are positively interacting, while IAS and IT are negatively interacting.

For the industry experts, the preference information on the considered macro-criteria was:

. IN is more important than IA, that in turn is more important than IMP, that in turn, is more impor-
tant than FC.

. With respect to FC, ARS is more important than IFE, which is more important than HR.

. With respect to IN, FS is more important than FI.

. With respect to IA, LIN is more important than IT, that in turn, is more important than IAS.

. With respect to IMP, SE is more important than EI.

. FC and IN are positively interacting.

. IN and IA are positively interacting.

. IA and IMP are positively interacting.

. The interaction between IN and IA is greater than the interaction between FC and IN, and between
IA and IMP.

. The interaction between IA and IMP is greater than the interaction between FC and IN.

. With respect to FC, HR and ARS are positively interacting.

. With respect to IA, IAS and LIN are positively interacting, while IAS and IT are negatively
interacting.

Finally, for the government experts, the preference information on the considered macro-criteria
was:

. IMP is more important than FC, that in turn, is more important than IN, that in turn, is more impor-
tant than IA.

. With respect to FC, ARS is more important than IFE, that in turn, is more important than HR.

. With respect to IN, FS is more important than FI.

. With respect to IA, LIN is more important than IAS, that in turn, is more important than IT.

. With respect to IMP, SE is more important than EI.

. FC and IN are positively interacting.

. IN and IMP are positively interacting.

. IA and IMP are positively interacting.

. The interaction between IN and IMP is greater than the interaction between FC and IN, and IA and
IMP.

. The interaction between IA and IMP is greater than the interaction between FC and IN.

. With respect to FC, HR and ARS are positively interacting.

. With respect to IA, IAS and LIN are positively interacting, while IAS and IT are negatively
interacting.
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The use of the Choquet integral preference model implies that all evaluations are expressed on
the same scale. For this reason, before applying it, we performed a normalization of the countries
performances proposed in Greco et al. (2018) and composed of the following steps:

(1) First step: for each elementary criterion gt, compute the mean Mt and the standard deviation st
of the countries performances on that criterion:

Mt = 1
|A|

∑
a[A

gt(a), st =

																			∑
a[A

gt(a)−Mt
( )2

|A|

√√√√√

where A denotes the set of countries and gt(a) is the performance of country a on gt;

(2) Second step: for each a and for each gt, the z-score gzt (a) is computed: gzt (a) =
gt(a)−Mt

st
;

(3) Third step: for each a and for each gt, the normalized evaluation gt(a) is therefore obtained as

gt(a) =
0 if gt(a) ≤ Mt − 3st,

0.5+ gzt (a)
6 , if Mt − 3st , gt(a) , Mt + 3st,

1, if gt(a) ≥ Mt + 3st

⎧⎨
⎩

if gt has an increasing direction of preference (the more, the better) and

gt(a) =
0 if gt(a) ≥ Mt + 3st,

0.5− gzt (a)
6 , if Mt − 3st , gt(a) , Mt + 3st,

1, if gt(a) ≤ Mt − 3st

⎧⎨
⎩

if, instead, gt has a decreasing direction of preference (the less, the better)

Sampling 10,000 models compatible with the preferences provided by the DM and applying the
MCHP-Ch-SMAA approach to the Triple Helix agents at the comprehensive level and for the four

Table 2. Denmark Rank Acceptability Indices, best and worst positions and three highest rank acceptability indices.

(a) Comprehensive level Best (bBestk,0 ) Worst (bWorst
k,0 ) high1 (b

high1
k,0 ) high2 (b

high2
k,0 ) high3 (b

high3
k,0 )

University 1 (26.07%) 2 (73.93%) 2 (73.93%) 1 (26.07%) 28 (−)
Industry 2 (8.74%) 7 (13.02%) 5 (27.38%) 3 (21.84%) 6 (17.69%)
Government 2 (22.77%) 6 (0.29%) 3 (29.89%) 5 (29.08%) 2 (22.77%)

(b) Framework Conditions (FC) Best (bBestk,1 ) Worst (bWorst
k,1 ) high1 (b

high1
k,1 ) high2 (b

high2
k,1 ) high3 (b

high3
k,1 )

University 1 (99.99%) 2 (0.01%) 1 (99.99%) 2 (0.01%) 28 (−)
Industry 1 (98.29%) 2 (1.71%) 1 (98.29%) 2 (1.71%) 28 (−)
Government 2 (22.77%) 6 (0.29%) 3 (29.89%) 5 (29.08%) 2 (22.77%)

(c) Investments (IN) Best (bBestk,2 ) Worst (bWorst
k,2 ) high1 (b

high1
k,2 ) high2 (b

high2
k,2 ) high3 (b

high3
k,2 )

University 1 (80.26%) 4 (0.25%) 1 (80.26%) 2 (16.51%) 3 (2.99%)
Industry 3 (0.17%) 15 (5.52%) 8 (18.82%) 12 (14.76%) 10 (13.55%)
Government 3 (0.35%) 15 (0.57%) 12 (15.82%) 10 (15.80%) 8 (15.56%)

(d) Innovation Activities (IA) Best (bBestk,3 ) Worst (bWorst
k,3 ) high1 (b

high1
k,3 ) high2 (b

high2
k,3 ) high3 (b

high3
k,3 )

University 1 (2.86%) 9 (5.31%) 7 (42.14%) 8 (18.56%) 6 (12.72%)
Industry 1 (3.20%) 10 (1.47%) 7 (62.57%) 6 (10.63%) 8 (8.73%)
Government 1 (4.32%) 11 (0.06%) 7 (41.66%) 8 (17.47%) 6 (9.59%)

(e) Impacts (IMP) Best (bBestk,4 ) Worst (bWorst
k,4 ) high1 (b

high1
k,4 ) high2 (b

high2
k,4 ) high3 (b

high3
k,4 )

University 7 (0.70%) 15 (0.31%) 12 (45.04%) 11 (14.91%) 9 (12.46%)
Industry 7 (0.06%) 16 (2.27%) 13 (24.64%) 14 (20.41%) 12 (18.12%)
Government 7 (4.70%) 19 (2.78%) 15 (20.86%) 16 (15.60%) 17 (12.43%)
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macro-criteria, the rank acceptability indices for the best and worst performers as well as the three
highest rank acceptability indices (most frequent positions) showing which are the most likely pos-
ition for a country based on the appreciation of each actor’s capabilities and needs are calculated. In
Table 2, this information is provided for the case of Denmark. As one can see, with respect to indus-
try, Denmark has the highest rank acceptability indices for the first two positions at comprehensive
level as well as on Framework Conditions and Investments. Instead, the two highest rank acceptabil-
ity indices are in correspondence of the 7th and 8th positions with respect to Innovation Activities
and of the 12th and 11th with respect to Impacts. Analogous considerations can be drawn regarding
Industry and Governments. Tables 1–3 in the supplementary material file present the results con-
cerning the top five and the bottom three countries. The following observations can be made
based on the results:

. With respect to the university, the top five innovative countries are Sweden, Denmark, Finland,
the Netherlands and Germany and the last three positions are for Croatia, Bulgaria and
Romania. At the macro-criterion level, it is important to note that the rank position for
Denmark and Finland significantly varies for the Impact dimension. Denmark reached as best pos-
ition the 7th even if the rank acceptability index is basically zero (0.70%); moreover it reaches most
frequently the 12th position with 45.04%. Concerning the last three countries the case of Croatia
is worth pointing out, in which its position with respect to macro-criterion investments moved up
to 16th position, even if its frequency is negligible (0.25%) for the best position.

. With respect to the industry, Sweden, Finland, the Netherlands, United Kingdom and Denmark
can be considered the most innovative countries, whereas Poland, Bulgaria and Romania are in
the worst positions. From the industry perspective, in Denmark, the dimension corresponding
to framework conditions is highlighted with a rank acceptability index of 98.29%. Among the
last three countries, quite stable results are presented at all levels.

. With respect to the government, the top five countries are Sweden, United Kingdom, Denmark,
the Netherlands, and Ireland. Croatia, Bulgaria and Romania are placed at the bottom of the
ranking. Regarding the last positions, while Bulgaria and Romania present the highest rank
acceptability indices for the 27th and 28th position (100%), respectively, Croatia has a frequency
of 22.04% of being in the 25th position. Furthermore, Croatia has risen to the 7th place in the
Investments with a frequency of 0.11% and to 15th as first most frequent position with 52.91%.

The rank position got by each country at global level as well as on the considered macro-criteria
depends, of course, on the sampled Möbius parameters compatible with the preferences provided
by the DM and on the consequent value assigned from the 2-additive Choquet integral to the con-
sidered country. Just to give an example, let us again consider Denmark taking into account the
Industry preferences and the IN macro-criterion. As one can see in Table 2, Denmark can get as
best position the 3rd and as worst the 15th. Therefore, on one hand, we computed the barycenter
of the Möbius parameters for which Denmark got the 3rd position (Baryc_3) and, on the other hand,
the barycenter of the Möbius parameters for which Denmark got the 15th position (Baryc_15). The
barycenter is obtained by averaging the vectors of the Möbius parameters component by com-
ponent and it is called central weight vector in SMAA (Lahdelma, Hokkanen, and Salminen 1998).
The central weight vector can be considered as representative of the preferences of a typical DM
giving to the considered alternative a certain rank position. Observing that the ranking of the

Table 3. Barycenters of the Móbius parameters vectors giving to Denmark the 3rd and the 15th positions, respectively.

g(2,1,1) g(2,1,2) g(2,2,1) g(2,2,2) g(2,2,3)
Baryc_3 0.1596 0.3843 0.3305 0.0697 0.0558
Baryc_15 0.0612 0.4973 0.0530 0.2490 0.1394
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countries at hand on IN are obtained considering only the five elementary criteria descending from
it, we obtain the two barycenters shown in Table 3.

Looking carefully at the values in Table 3, one can see that the Möbius values assigned to the five
considered criteria and that can be interpreted as their importance, are quite different. In both bar-
ycenters g(2,1,2) is the most important among the five considered criteria, while the criteria rankings
with respect to their importance is quite different. For example, g(2,2,1) is the second most important
criterion in Baryc_3, while it is the least important one in Baryc_15. Analogously, g(2,2,3) is the least
important criterion in Baryc_3, while it is the third in Baryc_15. These results can be used to
desing policies. For example, the fact that g(2,2,1) is the second most important criterion in Baryc_3
means that to maintain the third position, Denmark should develop policies aiming to maintain
the Denmark’s performances on this criterion together with g(2,1,2). Analogously, the fact that
g(2,2,2) is the secondmost important criterion in Baryc_15means that if a great importance is assigned
to this criterion, Denmark performs quite badly and, therefore, this can be considered as a drawback
of the country. Consequently, policies aiming to improve the performances of the country on this
criterion should be developed.

As explained in Kadziński and Michalski (2016), the expected ranking is computed as a summary
of the rank acceptability indices of each country. In the same way, the expected ranking of each
country at comprehensive level is computed and results are shown in Table 4. For each a [ A,
and for each criterion gr in the hierarchy, the expected ranking of a on gr is computed as follows:

Er(a) = −
∑|A|
s=1

s · bsr(a)

On the basis of the values Er(a), the countries are therefore ordered from the best to the worst on
each criterion gr.

Table 4. Expected ranking of countries from the Triple Helix agents at the comprehensive level and significant discrepancies with
the EIS ranking.

Country University Industry Government EIS

Belgium (BE) 9 7 10 9
Bulgaria (BG) 27 27 27 27
Czech Republic (CZ) 13 14 14 13
Denmark (DK) 2 5 (↓ 3) 3 2
Germany (DE) 5 6 9 (↓ 3) 6
Estonia (EE) 14 12 (↑ 3) 12 (↑ 3) 15
Ireland (IE) 11 10 5 (↑ 5) 10
Grece (EL) 20 25 (↓ 3) 24 22
Spain (ES) 17 19 15 17
France (FR) 10 11 8 (↑ 3) 11
Croatia (HR) 26 24 26 26
Italy (IT) 22 21 22 19
Cyprus (CY) 21 17 (↑ 3) 18 20
Latvia (LV) 24 23 23 24
Lithuania (LT) 16 18 19 (↓ 3) 16
Luxembourg (LU) 8 8 7 8
Hungary (HU) 23 16 (↑ 7) 16 23
Malta (MT) 19 20 21 (↓ 3) 18
Netherland (NL) 4 3 4 4
Austria (AT) 6 9 11 (↓ 4) 7
Poland (PL) 25 26 25 25
Portugal (PT) 15 15 17 (↓ 3) 14
Romania (RO) 28 28 28 28
Slovenia (SI) 12 13 13 12
Slovakia (SK) 18 (↑ 3) 22 20 21
Finland (FI) 3 2 6 (↓ 3) 3
Sweden (SE) 1 1 1 1
United Kingdom (UK) 7 4 2 (↑ 3) 5
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Figure 4 plots the expected rankings of the countries at the comprehensive level in the X-axis as
well as the expected rankings at the macro-criteria level in the Y-axis per each Triple Helix actor. In
this figure, top-tier countries appear on the top left-hand corner for each Triple Helix agent and also
maintain leading positions at the macro-criteria level. When analysing Figure 4, we should draw
attention to specific countries. Looking at the comprehensive level (X-axis), for example, Finland,
one of the nations in the top five, lies in the third position according to university experts, the
second from the industry perspective but only sixth in the ranking of government experts. When
looking at the macro-criteria level (Y-axis), we can observe that the macro-criterion Investments is
the best valued and Impacts has the worst position for all the actors.

To better understand the potentialities of the MCHP-Ch-SMAA approach, in Table 4, we reported
also the global country ranking provided by the EIS. Looking at the results, it seems there is a con-
sensus among the Triple Helix agents and the EIS that Sweden is the most innovative country while
Bulgaria and Romania get the worst positions in all rankings. There is a small difference in the pos-
itions of Belgium, Czech Republic, Spain, Croatia, Italy, Latvia, Luxembourg, Netherlands, Poland, and
Slovenia. However, there is a significant deviation of at least three ranking positions in Denmark,
Germany, Estonia, Ireland, Greece, France, Cyprus, Lithuania, Hungary, Malta, Austria, Portugal, Slo-
vakia, Finland, and United Kingdom.

Figure 4. EU countries innovative performance expected rankings for the Triple Helix agents.
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The complete results of the application of the MCHP-Ch-SMAA approach to the 28 countries at
the comprehensive level and to the four macro-criteria for the interested reader can be downloaded
by clicking on the following link: complete results.

5. Concluding remarks and future research

Promoting innovation is considered a key policy instrument to enhance competitiveness. To this
end, it is also important to monitor national innovation performances. Recent approaches for asses-
sing the innovation of countries have adopted composite indicators. The main contribution we are
giving in this paper, is the consideration of interaction between elementary indicators in the con-
struction of the composite indicators. This is very important for innovation. Indeed, as stated by
the most important theories in this domain, the active involvement of firms, universities and
public sector, is fundamental and a distinctive feature in the innovation field. In this context, it is
clear that this cooperation can lead to interaction between dimensions. Therefore we believe that
the proposal of a composite indicator taking into account interaction between criteria is specifically
beneficial for the domain of innovation.

This approach provides a more in-depth analysis of the countries innovation performance at the
comprehensive level and for the specific macro-criterion incorporating the Triple Helix framework
perspective. This proposal can be a valuable tool for innovation policy makers and practitioners
to first, identify the strengths and weaknesses of their respective national innovation systems and,
thus, second to design, deploy and develop specific policies and practices accordingly.

As established in this paper, there is a large body of literature on the construction of CIIs and
several different methods to construct them. The nuances within these various methods impact
the results and aggregated rankings. The method presented in this paper ‘embraces’ this diversity
as it permits the stakeholders to choose themselves the indicators that count the most in the con-
struction of the CII. This allows, for example, academics at universities interested in increasing scien-
tific collaboration, business managers who want to explore potential market opportunities and
public sector managers concerned with developing collaborative relationships in the field of inno-
vation to benefit from implementing this approach in practice.

In our research, we are assuming that a group of experts for each group of the Triple Helix agree on
the preference information that we are listing, a further direction of research could be to investigate
how integrate the preferences of several experts in the decision-making process. Moreover, while we
are confident that the considered approach can also be applied to other domains (besides the
measurement of innovation performance) where composite indicators are used, we acknowledge
that further systematical comparisons between the EIS methodology discussed in this paper and
other frameworks are still needed to validate the feasibility of our approach beyond the case pre-
sented here. In the future we plan to investigate if and how the Multidimensional Item Response
Theory (Reckase 2009) could be applied to infer the parameters of our model in an objective way.
Further research would also benefit from testing the applicability of the outranking approach in the
aggregation stage of composite indicators by adopting ELECTRE and PROMETHEE methods to over-
come the limitations related to the ‘compensability’ between criteria (Greco et al. 2021).

Let us conclude with some final reflections on the methodology that we adopted to construct
composite indicators. Our basic assumption was that, to be fully meaningful and sensible, composite
innovation indicators need to take into account some fundamental aspects being the interaction
between elementary indicators, the hierarchical structure of indicators, the robustness concerns
related to the consideration of a range of variation in the adopted weights, the involvement of a
set of stakeholders that can focus their attention on different criteria. These aspects are for sure rel-
evant for composite innovation indicators, as we have tried to show in this paper. However, these
aspects are relevant practically in any domain in which composite indicators can be applied, from
sustainable development to university ranking and healthcare systems. In this perspective, the meth-
odology presented in this paper has relevance for the whole domain of composite indicators that, to
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provide a realistic representation of considered phenomena, cannot abstract from the premises on
which our approach is based.
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